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Abstract 


The Covid-19 pandemic continues to grow in the United States and, in the absence of a 
vaccine or effective treatment, social distancing measures are essential to slow the spread of this 
disease. Using cellular mobility data from 2019 and 2020, I demonstrate that there have been 
substantial increases in social distancing since the start of the pandemic. Rates of voluntary, as 
opposed to mandatory, social distancing varies by county characteristics, including partisanship, 
media consumption, and racial and ethnic composition. Mandatory measures to increase social 
distancing appear to be effective, most notably stay at home orders which increase the share of 
devices at home by 2 percentage points. Social distancing orders also appear to have substantial 
informational content and, in the case of mask mandates, the informational content appears to 
be greater than the gross effect of mask mandates on behavior. These results provide insight 
into the importance of communicating the threat posed by Covid-19, since most changes in 


social distancing appear to be voluntary, plausibly reflecting beliefs about disease risk. 


*T am grateful to Olaf Andersen and David Anderson for helpful comments on earlier drafts of the manuscript and 
many conversations on Twitter about the paper. 
+Department of Economics, University of North Carolina at Greensboro. msander4@uncg.edu. 


1 Introduction 


Covid-19 has been spreading in the community in the United States since the middle of Febru- 
ary (McLaughlin and Almasy, (2020), and has, as of late June, 2020 infected more than 2 million 
Americans and caused over 100,000 deaths. One of the core mechanisms to contain the spread of 
disease, particularly one such as Covid-19 for which there is neither a vaccine nor treatment, is to 
reduce transmission of the disease. For a virus such as SARS-CoV2, the cause of Covid-19, which is 
transmitted from person-to-person, encouraging people to physically distance, or “socially distance,” 
themselves from one another is one of the main ways to reduce disease transmission, while other 
interventions, such as mandating face coverings, are intended to reduce the probability of disease 
transmission conditional on having a physical interaction. States have enacted a number of mea- 
sures to encourage social distancing including emergency declarations, school closures, non-essential 
business closures, mandating that people stay home, and mandating the use of face masks in public 
(Gupta et al., Raifman et al., |2020). However, long-term support for these efforts is limited 
with most states lifting at least one of these restrictions by the end of May (Nguyen et al., (2020). 

Despite the fact that the Covid-19 pandemic only began in January of 2020, there is a large 
literature on social distancing in economics and related fields. Allcott et al. uses SafeGraph 
social distancing data to demonstrate that there are strong partisan differences in responses to 
the outbreak, with areas that supported Donald Trump in 2016 engaging in less distancing than 
counties that supported Hillary Clinton. They argue that these differences reflect differences in 
risk perceptions, which is consistent with other survey-based evidence of partisanship and both 
beliefs and behaviors (Kushner Gadarian, Goodman, and Pepinsky, |2020). Painter and Qiu 
develop similar results as Allcott et al. using the same SafeGraph data, but their focus is on partisan 
alignment and the effectiveness of social distancing orders. Painter and Qiu finds that counties that 
voted for Hillary Clinton in 2016 are more responsive to social distancing orders from Democratic 
governors. 

There are also important non-partisan determinants of social distancing behavior. For example, 
Andersen et al. demonstrate that the federal paid sick leave program enacted under the Fam- 
ilies First and Coronavirus Response Act increased the fraction of devices that stayed home. Gupta 
et al. (2020) documented a number of correlates of long-differences in social distancing behavior in a 


county, with notable associations for the Republican vote share in 2016 (less distancing), the share 


of the population that is white or black (increase social distancing), the uninsured rate (increase 
distancing), and population size—including metropolitan area status (increase social distancing). 

Nguyen et al. study the reopening phase of the pandemic using a variety of datasets 
on human mobility beginning on April 15*", 2020. Nguyen et al. finds that reopening efforts were 
associated with a reduction in social distancing. Notable correlates of the change from April 15*® to 
May 6* in mobility are weather patterns, poverty, metropolitan status. Surprisingly, they do not 
find that the Republican vote share in 2016 was correlated with most measures of distancing, except 
for visits to one’s workplace. 

In this paper, I augment the existing evidence on the response to Covid-19 and the effectiveness of 
social distancing mandates by incorporating newly released cellphone mobility data for 2019. These 
data allow me to study the trends in behavior under the assumption that, absent the Covid-19 
pandemic, behavior would have been similar in 2020 to prior years. First, 1 demonstrate that there 
was a substantial voluntary response to the Covid-19 outbreak that cannot be explained by official 
actions restricting mobility. These voluntary reductions in behavior are important to understand 
as states begin to reopen the economy since voluntary decisions to limit behavior will persist, even 
after formal orders limiting mobility have been lifted. These county-level changes in mobility are 
correlated with partisanship, as measured by presidential preferences in 2016, media consumption, 
and the racial and ethnic composition of the county. 

Second, I estimate the effectiveness of five interventions to promote social distancing—emergency 
declarations, school closures, non-essential business closures, stay at home orders, and mask man- 
dates. In these analyses, I demonstrate that some prior results, which only used data from 2022, 
were biased by seasonal trends in the data. For example, using just 2020 data, I find that emergency 
declarations reduce the share of devices at home and increase visits to locations in a county. However, 
relative to trends from 2019, there appears to have been no change in the share of devices at home 
and a decrease in visits to locations in a county. Similarly, I find other evidence that incorporating 
trends from 2019 indicates that social distancing orders are, typically, more effective at encouraging 
social distancing than one would conclude using only data from 2020. One notable, and new, con- 
tribution along these lines is that I find that mask mandates increase social distancing. However, 
since many states implemented these policies at different times, it is possible that difference-in- 
difference and event study estimates are biased by comparisons between early and late treated units 


(Goodman-Bacon, |2018} Callaway and Sant’Anna, |2019; Abraham and Sun, |2018} de Chaisemartin 


and D’Haultfceuille, forthcoming). Therefore, I also use a modified difference-in-differences estimator 
(de Chaisemartin and D’Haultfoeuille, forthcoming), which indicates that emergency declarations, 
non-essential business closures, and stay at home orders are effective at increasing social distancing, 
but casts doubt on the effectivensss of school closures and mask mandates. 

Third, using neighboring counties in different states, I identify the effects of these social distancing 
policies due to changes in incentives versus spillover effects that, most likely, arise from information 
either about disease risk or the effectiveness of these different policies. In this version of the adjacent 
counties analysis, I find that most interventions have large informational components, which is 
consistent with these interventions being politically costly. I also find that the informational content 
of mask mandates is greater than the naive triple-difference estimate, indicating that people may 
reduce social distancing in the presence of a mask mandate, holding information constant. 

In the remainder of the paper I provide a supply and demand based model of social distancing 
to motivate my analysis. In section 3 I describe the data that I employ. Section 4 describes the 
empirical methods. Section 5 presents the my results. Section 6 discusses my results in the context 


of other papers and concludes. 


2 Theoretical Framework 


One can model social distancing behavior using a simple supply and demand framework. Conceptu- 
ally, people have a demand for social interactions since these interactions either provide utility (e.g. 
spending time with friends) or because they allow people to purchase goods that will provide utility 
later (e.g. grocery shopping). Presumably people will engage in activities providing the greatest 
utility benefit first, leading to a downward sloping demand curve for social interactions. The demand 
curve for social interactions is labeled “MB” in figure There is, however, a cost to these inter- 
actions. In the absence of Covid-19, these costs would include the opportunity cost of engaging in 
a given social interaction (“MC w/o Covid-19”). The two curves define a pre-Covid-19 equilibrium 
level of social distancing at F,. Shifts in the marginal cost and marginal benefit of social inter- 
actions over time cause the equilibrium level of social interactions to change. For example, in the 
United States, Thanksgiving commonly features family gatherings that may result from an outward 
shift in the marginal benefit curve—these visits are (presumably) pleasurable—therefore the equi- 


librium quantity of social interactions should be higher on Thanksgiving than on other Thursdays 


in November. 

Covid-19 introduces a second component to the cost of social interactions, the risk of catching 
Covid-19, that increases the marginal cost of social interactions. The slope of this incremental risk 
curve is difficult to identify a priori since people may choose to do lower risk activities first (upward 
sloping), last (downward sloping), or there may be no consistent pattern (flat). In what follows I 
assume that the risk of contracting Covid-19 from each social interaction is constant, leading to 
a constant addition to the marginal cost curve (“MC w/ Covid-19, no mandate”). At a higher 
marginal cost, there is a reduction in social interactions as the equilibrium from Fy, to Ey. This 
reduction reflects voluntary moves to reduce the risk of contracting Covid-19. 

To reduce the spread of Covid-19, governments across the United States and globally have im- 
plemented a number of social distancing mandates (Gupta et al., (2020). All else equal, a mandate 
should strictly increase the cost of social interactions and reduce the quantity of social interactions. 
However, if a mandate decreases the risk of each interaction then the net effect of a mandate on 
social interactions is ambiguous since the reduction in cost due to the reduced risk of contracting 
Covid-19 may outweigh the incremental cost due to the mandate. For illustrative purposes I assume 
that the mandate is sufficiently coercive that the marginal cost of social costs increases (“MC w/ 
Covid-19, mandate”). 

As others have noted (Bethune and Korinek, |2020) there is an external cost associated with 
social interactions due to the fact that by circulating in the community, a person increases the risk 
that others contract Covid-19. All else equal, a social distancing mandate should reduce social 
interactions by raising the cost of social interactions still further. To the extent that incremental 
marginal cost of the social distancing mandate is less than the external cost, then such a mandate 
will be efficient and improve social welfare, although the optimal social distancing mandate increases 
marginal costs sufficiently to fully offset the external cost social interactions impose upon others. 
An important implication of this fact is that the optimal mandate may differ across communities 
since the external cost of social interactions varies as well. 

The model that I specify provides a framework to understand how different kinds of factors 
should affect social distancing. For example, areas with a lower perceived risk due to Covid-19 are 
going to engage in less voluntary distancing than areas with a greater perceived risk of Covid-19. 
Similarly, as the weather turns warmer the marginal benefit of leaving home, which is one proxy 


measure of social interactions, shifts to the right increasing social interactions, holding all else equal. 


Therefore it may be necessary to impose tighter social distancing measures during the summer than 


during the spring in order to offset the shift in the demand curve for social interactions. 


3 Data 


I use aggregated geolocation data from SafeGraph Inc. (www.safegraph.com), a data company that 
aggregates location data from numerous applications in order to provide insights about physical 
places. To enhance privacy, SafeGraph excludes census block group information if fewer than five 
devices visited an establishment in a month (two devices in a week) from a given census block 
group. I use two forms of data from SafeGraph. First, I use weekly patterns data that identify, by 
date, the number of devices visiting over three million distinct locations in the United States from 
2019 to June 14, 2020. Second, I use social distancing data that identifies, by census block group, 
the frequency that devices with a home in the census block group leave a home area defined as a 
GeoHash-7 grid square of approximately 500 feet per side. 

I construct two main measures of mobility from the SafeGraph data. First, I construct the share 
of devices in a county by day that never leave their home GeoHash-7 grid square (approximately 
500 feet per side) during the day. Second, I construct the sum of visits to locations in a county for 
each day. Neither metric is ideal for assessing social distancing and each has particularly biases due 
to the nature of the data involved. Visits, for example, do not provide significant insight into the 
intensity of exposure (e.g. how much time one spends in a given location or the density of people at 
that location). 

The share of devices away from home does not capture the degree to which people are mixing 
with one another-the vector of transmission. The away from home measure in the SafeGraph data 
relies upon a denominator of the number of devices that are considered to have a home in a given 
census block group. SafeGraph computes a new home for each device at the start of the month 
relying on evening and nighttime behavior during the previous six weeks. The delay in updating 
home locations means that measures of being away from home will mechanically increase during the 
month as people move from one home to another and that there will be sharp breaks at the start of 


each month in the number of devices that are “homed” to a given block group|"| Rather than using 


1There is also a strong downward trend in the number of devices assigned to a given census block group during the 
course of a month and, conditional on the number of devices assigned to a home, the fraction of devices that “touch” 
that block group is decreasing during the month. 


the device count assigned to a block group for the denominator, I use the number of devices that 
are observed in a given census block group on a given day as the denominator for computing the 
share of devices staying at home and aggregate these measures up to the county-by-day levell?| 

I augment these data with state- and county-level characteristics. I include state-level data on 
Covid-19 responses from Raifman et al. (2020), which collects implementation dates for a variety 
of social distancing policies, as well as dates for easing some of those same policies] Weather data 
are from gridMET (http://www.climatologylab.org/gridmet.html), which provides county-level es- 
timates of precipitation, minimum and maximum relative humidity and temperature, wind speed, 
and solar radiation for the continental United States. County- and state-level demographic charac- 
teristics come from the pooled 2014-2018 ACS (Ruggles et al., [2020}, election returns from the 2016 
presidential election (MIT Election Data and Science Lab, |2018), and media viewership data from 
MRI/Simmons. 

To facilitate some of the difference-in-differences models that I estimate below, I construct coun- 
terfactual dates for each date in 2019. I define these counterfactual dates in terms of the epidemiolog- 
ical week. The Centers for Disease Control defines the epidemiological week as running from Sunday 
to Saturday with the first epidemiological week of the year as the first week with at least four days 
of the year in it. For 2020 the first epidemiological week began on December 29*", 2019 and ended 
on January 4'", 2020. I define the counterfactual date as the date in 2020 in same epidemiological 
week and the same day of the week. For example, February 22 2019 is the Friday of the 8°" week of 
2019; the corresponding date in 2020 is February 21 2020, which becomes the counterfactual date 
for February 22, 2019. To control for holidays I include indicators for major holidays during the 
year, see Appendix Table [Al] for holiday dates and counterfactual dates by year. 

T also construct datasets in which I aggregated counties to the state-level, weighting each county 


by its population, and a dataset that links pairs of adjacent counties in different states. 


?Very rarely the number of devices that are completely at home is greater than the number of devices that are 
observed to have “touched” a given census block group; in these cases I use the greater of the two as the number of 
touches to the block group. 

3Following much of the rest of the economics literature, I defined Connecticut and Kentucky as having Stay at 
Home orders as part of their nonessential business closures. 


4 Methods 


4.1 Descriptive models 


I begin by plotting trends by epidemiological week for 2019, 2020, and the difference between 2019 


and 2020. I estimate these models using the specification: 


53 
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Where i denotes a geographic unit, t is calendar time, w is the epidemiological week, and y is the 
epidemiological year. Yjtwy is an outcome—the fraction of devices at home or log visits—jp; and 7 
are unit and date fixed effects, Witwy is a vector of weather measures, and Hj, is a set of indicators 
for the holidays listed in Appendix Table [Al] The two sets of coefficient vectors af and a% measure 
trends by epidemiological week in Y (a1’s) and the difference from the non-2020 periods (a2’s in 
models that include both 2020 and 2019 data). I estimate equation on state-level data, weighted 
by population and clustering standard errors on the state. 

All models are weighted by population and standard errors are clustered on the state (state-level 
analysis) or county (county-level analysis). 

Taugment equation to allow me to study the correlates of voluntary, as opposed to mandatory, 
social distancing. To do so, I estimate, using county-level data, the regression model: 

53 
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Where X; is a set of time-invariant county characteristics that may be correlated with social dis- 
tancing behavior, ju},, and Lin county-by-epidemiological week and county-by-year fixed effects, and 
(ei is a set of state-by-week-by-year fixed effects that capture all time-varying state characteristics 
including state policies to encourage social distancing. As such, the coefficients af capture the time- 
varying correlation between the characteristics in X; and voluntary social distancing. Note that a, 
ag, and a’ are absorbed by the fixed effects in the model. Counties are weighted by population and 


standard errors are clustered on county. 


4.2 Causal models 


Finally, I use these data to estimate event study and difference-in-difference models to identify the 
causal effects of five interventions—emergency declarations, school closures, non-essential business 
closures, stay at home orders, and mask mandates—on social distancing behavior. For an interven- 


tion that took effect at time T;, the basic event study model I estimate is: 


14 
Yitwy=Sot+ SY) [6% +63 x Upy—ao20]] X Uprjtaag + Me + e+ TP Witwy +P 2Hwy + eitwy (3) 
d=-14,d41 

In this model, the 6;’s and 69’s estimate the difference in “treated” units relative to control units 
by time relative to the implementation of a given order. For units that are treated more than 14 
days later (d < —14) or 14 days earlier (d > 14) I assign them to the -14 or +14 groups. The 
corresponding difference-in-difference (or triple-difference) model simply replaces the event study 
coefficients with indicators for post policy. 

There is a recent literature indicating that estimates of equation may be biased if there 
are time-varying treatment effects and that difference-in-differences estimates would, likewise, be 
biased (Goodman-Bacon, Callaway and Sant’Anna, Abraham and Sun, de Chaise- 
martin and D’Haultfceuille, forthcoming). Therefore, I also estimate dynamic treatment effects 
and difference-in-difference estimates using the DID), method proposed by de Chaisemartin and 
D’Haultfceuille (forthcoming) *] I estimate immediate (day 0) treatment effects and effects for the 
subsequent seven days as well as placebo estimates for the seven days before a policy was imple- 
mented. These treatment effects are based on the counterfactual comparison of one-day differences 
in units that switched status compared to those units that did not switch status on a particular 
date. 

Lastly, since social distancing orders appear to be politically costly, they are likely to be highly 
informative both to the affected community, but also neighboring communities, in which case some of 
the effect of social distancing orders will spillover onto neighboring counties. I identify the spillover 


effect of these policies on to adjacent counties. The specification that I use is: 


Yiptwy = 60 + [61 + 52 X Ly—2020)| x Postiwy + ip + Te + Ti +TiWitwy +T2Aiwy + iptwy (4) 


4Their method is implemented in the Stata command did_multiplegt. 


Where the new subscript p denotes a county pair, Posti wy is an indicator that the counterfactual 
date for a given intervention has passed, pip is a set of county-by-pair fixed effects, and i is a set 
of pair specific calendar time fixed effects. The Te terms capture the spillover effects of a policy so 
that 52 identifies the causal effect of a policy, net of any spillover effect onto the adjacent county. By 
estimating with and without the a term, I can estimate the magnitude of the spillover effect 
as the difference in the 62 coefficients. I stack the two regression models in order to estimate the 


difference between the two d9’s. 


5 Results 


5.1 Trends in distancing 


Figure[2|plots trends by epidemiological week in the percentage of devices staying home (panel a) and 
the log number of visits to points of interest in a county (panel b). There is a clear downward trend 
in the fraction of devices staying home during 2019 (red line), with a particularly large reduction in 
late September/early October. Other than the early Fall drop off, there is no particular indication 
of seasonality in the data. Data for 2020 indicate that there was an increase in devices staying home 
in February, relative to January, and a dramatic increase in the fraction of devices staying home in 
the middle of March. The increase in the 2020 share of devices at home in March is on the order 
of 25 percentage points, at the peek in early April. The downward trend in staying home that I 
observe in the 2019 data means that the 2020 data provide an incomplete picture of staying home 
behavior since one would have expected fewer devices to be staying home in March of 2020 than 
than in February 2020 in the absence of the pandemic. As a result, relative to the 2019 trends, the 
increase in staying at home that I observe in 2020 is about three percentage points larger at the 
April peek. 

Trends in log visits (panel b) exhibit a greater degree of seasonality, with local peaks in April/ 
May and September. Consistent with the staying home data, I do observe an increase in log visits 
in 2019 during the winter and spring until the middle of May. In the 2020 data, there is a downward 
trend in visits, relative to 2019, in January and February. Furthermore by the end of February one 
can observe a decline in log visits and it appears that there were already substantial reductions in 
visits by the eleventh epidemiological week (the week beginning on March 8'*). As was the case 


with the fraction of devices at home, accounting for the 2019 trends in log visits implies that the 
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reduction in mobility was larger than one would expect using only the 2020 data. 


5.2 Descriptive models 


Figure |3] plots the association between various county characteristics and two measures of social 
distancing over time. Panels a and b demonstrate that counties that voted more heavily for Donald 
Trump in the 2016 presidential election also engaged in less social distancing than did counties that 
voted for Hillary Clinton. For example, by the first week of April, a one percentage point increase in 
support for Donald Trump was associated with a 0.1 percentage point decline in the share of devices 
that stayed at home, relative to other counties in the state, and a 4 log point increase in visits to 
locations in the county. By the end of May, panel b demonstrates that there was an increase in 
visits, which coincides with the push to reopen the economy. 

However, counties that supported Donald Trump in the 2016 election differed from other counties 
on a variety of margins. After controlling for media consumption (red dots) I find that the relation- 
ship between support for Donald Trump and social distancing is somewhat attenuated, but when I 
also include demographic controls-the log population density, median age, per capita income, and 
racial/ethnic composition-there is essentially no correlation between support for Donald Trump in 
2016 and the fraction of devices that stayed home, at least early in the epidemic. In the later half of 
the epidemic support for Donald Trump is, once again, correlated with less social distancing using 
both metrics. These results indicate that counties that supported Donald Trump in 2016 engaged 
in less voluntary social distancing, since the model includes state-by-week fixed effects, but that a 
significant fraction of the differential in the percent of devices that stayed home can be explained 
by characteristics that are correlated with support for Donald Trump. 

Panels c and d demonstrate the importance of media consumption. Panel c demonstrates that 
areas with a higher share of CNN viewers had a larger increase in the fraction of devices staying 
home, with a one percentage point increase in the share of CNN viewers increasing the fraction of 
devices at home by one percentage point. A comparable increase in Fox News viewership, however, 
was associated with a 0.5 percentage point decrease in the share of devices staying home after the 
pandemic took hold. Results for visits (panel d) provide the converse story—an increase in Fox 
News viewership is associated with more visits to locations in a county, while an increase in CNN 
viewership is associated with fewer visits to locations in a county. It is not surprising that Fox News 


viewership was associated with less social distancing since Fox News has downplayed the severity of 
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the pandemic (Darcy, |2020} Kirsch, |2020} Peters, |2020} Sargent,|2020) and viewers have internalized 


that bias (Jurkowitz and Mitchell, |2020). 

Panel e indicates that counties with a greater non-Hispanic black population engaged in less 
social distancing than other areas. This could simply reflect differences in the kinds of jobs held by 
non-Hispanic blacks and other racial and ethnic groups since essential workers, for example, would 
have great difficulty staying home, rather than working. On the other hand, a greater share of 
Hispanics in the county or other, non-white, non-Hispanic individuals were associated with a greater 
fraction of devices staying home. In all cases, having a greater share of the population that is not 


non-Hispanic white is associated with more visits to locations in a county. 


5.3 Causal effects of social distancing policies 


Figure |4| present event study estimates of the effects of five different policies on social distancing, 
where the event study is based on differences between 2019 and 2020 by event time (see Appendix 
Figure for event studies using 2020 data only). Panels a and b demonstrate that there was 
no pre-trend in the fraction of devices staying home prior to a state implementing an emergency 
declaration, although there does appear to have been a pre-trend for log visits. The corresponding 
triple-difference estimates (“DDD” row, columns (1) and (5)) in table[l]indicate that state emergency 
declarations had no effect on the fraction of devices at home, but did reduce visits in the county 
by 7 log points. These results are appreciably different from the difference-in-difference estimates 
that do not use data from 2019 to establish a baseline time trend. Using just the 2019 data, it 
appears that state of emergency declarations decreased the share of devices at home and increased 
log visits. While it is possible to rationalize this response to a state of emergency declaration since 
people may choose to leave home to stock up on groceries and other items, it seems unlikely that 
such an effect would persist. Estimates of the effect of emergency declarations do not appreciably 
vary across samples (columns 2, 3, 6, and 7). I defer a discussion of columns (4) and (8) for the 
moment. 

Panels c and d indicate that there were noticeable pre-trends in advance of school closures on 
both the fraction of devices staying home and log visits, although no such trends are apparent 
in estimates using just 2020 data. As a result, my preferred specification uses the difference-in- 
difference results, which indicate that school closures increased the fraction of devices at home by 


0.7 percentage points and reduced visits by 3.1 log points. Panels e and d provide an indication 
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that non-essential business closures significantly increased social distancing, regardless of how it is 
measured. The point estimates associated with these policies imply that the percentage of devices 
at home rose by almost four percentage points and visits fell by 14 log points, which does not seem 
implausible since a large number of businesses were affected by these closures. 

Panels g and h demonstrate that stay at home orders do not appear to have been enacted in 
response to individuals refusing to socially distance since trends in the days leading up to implemen- 
tation are essentially flat for both the percentage of devices at home and log visits. Those figures 
also indicate that stay at home orders were effective at increasing social distancing, with the frac- 
tion of devices at home rising by almost four percentage points one day after implementation and 
visits dropping by some ten to twenty log points. The triple-difference results are consistent with 
these estimates indicating that stay at home orders increased the fraction of devices at home by 3.6 
percentage points and reduced visits by 13.2 log points. Finally, panels i and j demonstrate that 
mask mandates appear to have had minimal effects on the fraction of devices staying home or log 
visits, although the triple-difference estimates indicate that these mandates increased the fraction 
of devices at home by 1.9 percentage points. 

Because almost all states implemented most policies, the difference-in-difference and event study 
estimates include comparisons between states that adopted a policy later in the pandemic with 
ones that adopted the policy earlier in the pandemic, which may yield biased estimates (Goodman- 
Bacon, de Chaisemartin and D’Haultfceuille, Callaway and Sant’Anna, 
Abraham and Sun, (2018). To address these biases associated with two-way fixed effects estima- 
tors, I estimate event studies and difference-in-difference estimates using the DI Dj, estimator in de 
Chaisemartin and D’Haultfceuille (forthcoming). Since the underlying method in de Chaisemartin 
and D’Haultfoeuille applies to difference-in-difference estimators, I also compute the 
difference in the dependent variable and control variables between 2020 and 2019 to estimate a mod- 
ified triple-difference estimator as well. In implementing the DI Dj, estimator, I estimate dynamic 
effects for seven days before and after policy implementation. 

Figure|5|plots the dynamic treatment effects from the DI Dy, estimator applied to the differences 
from 2019 (Appendix Figure [B2] plots dyanmic treatment effects using only 2020 data). Across all 
models, I find tight zeros for the pre-period, indicating that there are no significant differences in 
the pre-period for the sample that I use to identify the effects of these policies. I find that several 


policies appear to have immediate effects on social distancing. For example, non-essential business 
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closures immediately reduce visits by almost seven log points (panel f), while stay at home orders 
increase the share of devices at home by a little under two percentage points on day 0. 
Summarizing the dynamic treatment effects as the average over the post period provides an 
estimate that I can compare to my DD and DDD estimates in table Columns (4) and (8) 
report these averages and associated standard errors with the “DD” row using data from 2020 and 
“DDD” using the difference between 2020 and 2019 for the dependent variable and time-varying 
controls. Unlike the conventional DD and DDD estimates, the DI. Dy, estimates indicate that state 
of emergency declarations were effective at encouraging individuals to stay home, with a state of 
emergency increasing the share of devices at home by one and a quarter percentage points, relative 
to the 2019 trend, and reducing visits by 3 log points. The DI Dy, estimates also indicate that 
neither school closures nor mask mandates increased the share of devices at home, even though for 
both of those policies at least one of the DD and DDD estimates indicated that these policies were 
effective at increasing social distancing. For stay at home orders, the DI Dj, estimates are consistent 
with the DD and DDD models indicating that these orders increased the share of devices at home 


by approximately two and a quarter percentage points and visits by around ten log points. 


5.3.1 Spillover effects 


Table [2] presents estimates of the net effect, spillover, and gross effect of each policy, where the gross 
effect matches the estimates from columns (3) and (7) of table [1] Consistent with a model in which 
social distancing orders are politically costly and, therefore, indicate that the risk of infection is 
higher, the spillover effect (except for DD estimates of state of emergency declarations) supports an 
increase in social distancing (more devices stay home or fewer visits in a county). Given the large 
spillover effects associated with most of these orders, it is not surprising that the net effect—the 
effect of a policy on behavior net of its informational content—is typically small. 

The decomposition of the effect of mask mandates is particularly informative since, unlike the 
other policies, mask mandates may indicate an increase in disease risk, but also reduce the risk of 
disease transmission. Consistent with this model, I find that the net effect of mask mandates is to 
reduce the share of devices staying home— in other words, in the presence of a mask mandate people 
are more willing to leave the house, all else equal. However, the spillover effect indicates that all else 
is not equal—people are increasing their social distancing because they interpret the mask mandate 


as indicating a state of higher risk in the county. 
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6 Discussion 


In this paper, I documented trends in social distancing in the United States for the first four months 
of the Covid-19 pandemic. From the beginning of 2020, the share of devices staying home rose by 
almost thirty percentage points, at the peak level of social distancing, relative to the rate in early 
January. Similarly, a measure of visits to locations of interest in an area fell by 150 log points, or 
approximately 80 percent. These changes in social distancing are important to containing the spread 
of the pandemic, with these tools appearing to be effective at reducing the spread of the disease 
in China (Prem et al.,|2020) and the United States (Courtemanche et al.,|2020). Social distancing 
has also been an important tool to reduce disease spread and mortality during previous pandemics 
(Bootsma and Ferguson, Chowell et al., |2004} Earn, Yu et al.,|2017). 

Despite the importance of these measures in promoting public health, there are substantial 
differences across counties in the extent of voluntary social distancing. For example, counties that 
supported Donald Trump in the 2016 election engage in less social distancing than other counties, 
even after accounting for differences in demographic characteristics and media consumption patterns. 
The reluctance to engage in social distancing in counties that were more supportive of Donald Trump 
should not be surprising since President Trump has sought to downplay the severity of the pandemic 
(Paz, and encourage states to reopen their economies at the earliest opportunity. Likewise, 
media viewership played an important role in explaining differences across counties in voluntary 
distancing (Bursztyn et al., [2020}, with counties with a greater share of CNN viewers engaging in 
larger reductions in mobility—both being more likely to stay at home and less likely to visit points 
of interest in a county. 

Differences in mobility of the kind that I identified in figure [3] can be understood in the frame- 
work from section 2 as follows. Voluntary social distancing is, in essence, the shift from Fy to E2 
and depends on one’s beliefs about the risk of contracting Covid-19 and its severity. Therefore, 
individuals who either do not expect to contract Covid-19 or believe that they will only have a mild 
case will engage in less distancing than other groups. Supporters of Donald Trump and viewers of 
Fox News appear receive information that Covid-19 is unlikely to affect them or, if it does, that 
its effects will not be severe, leading to less voluntary distancing. Therefore, to get to the efficient 
level of social interactions areas that engage in less voluntary distancing may require greater use of 


coercive measures such as stay at home orders. 
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I also documented changes in social distancing behavior following five common public policy 
interventions to encourage social distancing (movement from Fz to Es in the model from section 
2). Using both two-way fixed effects models (and a triple-difference variation) and a new difference- 
in-difference estimator that should be unbiased in the presence of time-varying treatment effects, 
I demonstrate that non-essential business closures were highly effective at increasing the share of 
devices staying at home and reducing visits to businesses in a county, while stay at home orders only 
appeared to affect the percent of devices staying home. The latter result may reflect the fact that 
a stay at home order, as the most coercive order available to policy makers, was typically the last 
policy implemented to encourage social distancing, so visits may already have reached a low level 
before this approach was implemented. 

Public policies to encourage social distancing also appear to have large informational components. 
Comparing the DD or DDD coefficient in models that do and do not control for county pair-by- 
time fixed effects, I find that most policies exhibit substantial informational effects with, in some 
cases, the entire effect of a policy coming from its informational component. In a model in which 
the political costs of many of these social distancing orders is high, then when a neighboring state 
announces a new policy provides an informative signal about the risks of disease transmission in 
one’s own state/county. The spillover decomposition also provides some evidence that individuals 
act as if the risk of infection has fallen following a mask mandate, all else equal, with mask mandates 
reducing social distancing net of the informational effect. 

In order to prepare for subsequent increases in the spread of Covid-19, either in a second (or 
later) wave or in the ongoing first wave, further research is needed to understand the determinants 
of voluntary social distancing and the efficacy of social distancing interventions to reduce the spread 
of Covid-19. Cellular mobility data is likely to provide a promising source of data for these studies 
since they provide granular information on mobility patterns and, in some cases, can be used to 


infer interactions among individuals. 
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Figure 1: Equilibrium social distancing 
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(b) Trends in log visits to locations in a state 


Figure 2: Trends in devices staying at home and log visits to points of interest, by epidemiologic 
week. 


Source—Author’s analysis of SafeGraph weekly patterns and social distancing files for 2019 and 
2020. 
Notes—Points are coefficients on epidemiologic week from a regression that controls for holidays 
and temperature, in addition to state fixed effects. “Diff” points are coefficients on the interaction 
of epidemiologic week and year. States weighted by population and standard errors clustered on 
state. 
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Figure 3: Trends in associations between county characteristics and mobility 


Source—Author’s analysis for 2019 and 2020 SafeGraph social distancing metrics and weekly patterns 
files. 

Notes—Points are coefficients from a an interaction between epidemiological week and the indicated 
characteristic from a regression of the change in each distancing metric from 2019 to 2020 controlling 
for changes in weather, holidays, and county, date, and state-by-week fixed effects. 


Estimates 
weighted by county population and standard errors are clustered on county. 
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Figure 4: Event studies of various policies on social distancing and mobility 
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Figure 4: Event studies of various policies on social distancing and mobility (continued) 
Source—Author’s analysis of SafeGraph social distancing metrics and weekly patterns files for 2019 
and 2020. 

Notes—Points are coefficients on time relative to each policy being implemented based on the 
counterfactual date interacted with a dummy for 2020. Models also include state fixed effects, date 
fixed effects, state-by-year fixed effects, weather controls, and holiday fixed effects. 
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Figure 5: Dynamic treatment effects of the effect of social distancing orders on mobility 
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Figure 5: Dynamic treatment effects of the effect of social distancing orders on mobility 


Source—Author’s analysis of SafeGraph social distancing metrics and weekly patterns files for 2019 
and 2020. 

Notes—Points are dynamic treatment effects for each policy. Dependent variable is the change from 
2019 to 2020 in the indicated variable. Models also include the change in weather and holidays 
and, implicitly, state and date fixed effects. States weighted by population, 95% confidence interval 
calculated using 200 bootstrap replications clustered on state. 
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Table 1: Triple difference estimates of the effect of state policy changes on mobility 


Percent staying home Log visits 
Q) (2) (3) (4) (5) (6) (7) (8) 
State of emergency declaration 
DD -1.68*** -1.66*** -1.38*** 0.61 3.53** 3.56*** 2.10* -1.12 
(0.31) 0.14 0.23 0.45) (1.14) (0.52) 0.86 1.18 
DDD 0.20 0.20 0.33 1.26** -7.00** -7.20*** -5.79*** -3.08* 
(0.24) 0.21 0.32 0.48) (2.21) (1.61) 1.74 1.41 
School closure order 
DD 0.72* 0.67*** 1.54*** 0.71 -3.08* -2.92*** -4.53*** -4.41* 
(0.30) 0.13 0.20 0.49) (1.36) (0.49) 0.64 2.06 
DDD 1.36 1231**% 3.40*** 0.093 -7.51* -7.38*** -16.3*** -1.98 
(0.76) 0.37 0.60 0.62) (2.94) (1.48) 2.40 2.03 
Non-essential businesses closed 
DD 2:25*% 2D4et* 2.74*** 1.75* -6.19* -6.22*** -7.A5*** -7.05** 
(0.69) 0.34 0.53 0.69) (2.85) (1.13) 1.59 2.42 
DDD 3.70** 3.69*** 5, 14*** 1.33 -14.5** -14.9*** -17.3*** -6.79* 
(1.07) 0.51 0.80 0.79) (4.30) (2.05) 2.78 2.84 
Stay at home order 
DD 2.68*** 2.70*** 3.077"* 2.34*** -8.89*** -8.84*** -8.33%** -10.3*** 
(0.48) 0.22 0.31 0.50) (1.30) (0.65) 0.89 1.89 
DDD 3.63** 3.64*** 4.68*** 2.21*** -13.2** -13.8*** -12.4*** -9.97*** 
(1.08) 0.52 0.95 0.56) (4.67) (2.23) 3.73 2.08 
Mask mandate 
DD 0.11 0.20 0.41* -0.12 -1.94 -2.17*** -2.87** 0.40 
(0.27) 0.12 0.18 0.25) (1.47) (0.53) 0.89 0.84 
DDD 1.94* 1.95*** 3.14** -0.27 -8.18* -7.82*** -13.6** 1.32 
(0.96) 0.45 1.18 0.31) (3.80) (1.92) 4.23 0.78 
Sample States Counties Adjacent States States Counties Adjacent States 
counties counties 


‘Source—SafeGraph weekly patterns and social distancing metrics files for 2019-2020... —“‘ < ; ]3XOW®!?*<S:S*é‘CW™;S 
Notes—Rows labeled “DD” report difference-in-difference coefficients for the indicated policy using data from 2020 
only; rows labeled “DDD” report triple-difference coefficients for the indicated policy using an indicator for being after 
the counterfactual policy data interacted with an indicator for 2020. Except for columns (4) and (8), models include 
weather controls, unit (state, county, or county-by-pair) fixed effects, calendar date fixed effects, and main effects 
and interactions of an indicator for ever having a given policy and 2020. Models in columns (4) and (8) are average 
dynamic treatment effects over a seven day period controlling for weather and holidays; “DDD” version is based on 
the difference between 2020 and 2019, by date. Sample is restricted to counterfactual dates that are contained in the 
union of fourteen day ranges around each state’s implementation date for the indicated policy. “Adjacent counties” 
sample consists of counties that neighbor a county in an adjoining state (see text for details). All models weighted by 
state or county population weights, as appropriate, and standard errors are clustered at the state (county) level for the 
state (adjacent counties) models. In columns (4) and (8) standard errors computed using 200 bootstrap replications 
clustered on state. 

* for p<0.05, ** for p<0.01, and *** for p<0.001. 
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Table 2: Spillover effects of social distancing mandates 


Percent staying home Log visits 
(1) (2) (3) (4) (5) (6) 
Net effect Spillover Gross Net effect Spillover Gross 
State of Emergency Declaration 
DD -0.3 =115** -1.4*** -0.9 3.0*** 2.1* 
0.1) 0.3) (0.2) (0.8 0.8 0.9) 
DDD -0.3 0.6 0.3 -0.7 -5.1** -5.8*** 
0.2) 0.3) (0.3) (1.1 1.8 1.7) 
School closure 
DD 0.8*** 0.7** 1b ee* -2.8*** -1.8* -4,5*** 
0.1) 0.2) (0.2) (0.6 0.8 0.6) 
DDD 0.9* D5 3.4*** -6.6*** -9.7*** -16.3*** 
0.3) 0.7) (0.6) (1.6 2.8 2.4) 
Nonessential business closure 
DD 0.6** QAte* Deer -2.5* -4,9** -7.A** 
0.2) 0.6) (0.5) (1.0 1.8 1.6) 
DDD 0.9* 4.Q¥** 5.Lts -3.0 -14.3*** -17.3*** 
0.4) 0.9) (0.8) (1.9 3.4 2.8) 
Stay at home order 
0.2) 0.4) (0.3) (1.1 Pal 0.9) 
DDD 1.6** 3.0** 4.7*** 0.2 -12.6** ~12.4*** 
0.5) 1.0) (0.9) (3.5 3.8 3.7) 
Mask mandate 
DD -0.02 0.4* 0.4* -0.7 -2.2* -2.9** 
0.1) 0.2) (0.2) (0.5 1.0 0.9) 
DDD -1.2** 4.3*** 3.1** 0.5 -14.1** -13.6** 
0.4) 1.3) (1.2) (2.6 5.3 4.2) 


‘Source—SafeGraph weekly patterns and social distancing metrics files for 2019-2020... = = =). ti<~;7;37;] 
Notes—All models use data from pairs of adjacent counties in different states and include county-by-pair fixed effects, 
holiday indicators (see Appendix Table[Al}, and weather controls. “Net effect” column includes county pair-by-date 
fixed effects, which are not included in the “Gross effect” column. “Spillover” is the difference “Gross effect” -“Net 
effect”, which is estimated in a stacked regression model. All models weighted by county population and standard 
errors are clustered at the state county level. 

* for p<0.05, ** for p<0.01, and *** for p<0.001. 
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A Holidays 


Table Al: Holidays in 2019 and 2020 


2019 2020 
Holiday Actual CF Actual 
New Year’s Day Janl Dec 31,2019 Jan 1 
Martin Luther King Day Jan 21 Jan 20 Jan 20 
Washington’s Birthday Feb 18 Feb 17 Feb 17 
Valentine’s Day Feb 14 Feb 13 Feb 14 
St. Patrick’s Day Mar 17 Mar 15 Mar 17 
Easter Apr 21 Apr 19 Apr 12 
Memorial Day May 27 May 25 May 25 
Independence Day July 4 July 2 July 4 
Labor Day Sep 2 Aug 31 Sep 7 
Columbus Day Oct 14 Oct 12 Oct 12 
Halloween Oct 31 Oct 29 Oct 31 
Veteran’s Day Nov 11 Nov 9 Nov 11 
Thanksgiving Day Nov 28 Nov 26 Nov 26 
Christmas Day Dec 25 Dec 23 Dec 25 
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B- Event studies using 2020 data only 
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Figure B1: Event studies of various policies on social distancing and mobility 
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Figure B1: Event studies of various policies on social distancing and mobility (continued) 
Source—Author’s analysis of SafeGraph social distancing metrics and weekly patterns files for 2019 


and 2020. 
Notes—Points are coefficients on time relative to each policy being implemented. Models also 


include state fixed effects, date fixed effects, weather controls, and holiday fixed effects. 
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Figure B2: Dynamic treatment effects of the effect of social distancing orders on mobility 
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Figure B2: Dynamic treatment effects of the effect of social distancing orders on mobility 


Source—Author’s analysis of SafeGraph social distancing metrics and weekly patterns files for 2020. 
Notes—Points are dynamic treatment effects for each policy. Models also include weather and 
holidays and, implicitly, state and date fixed effects. States weighted by population, 95% confidence 


interval calculated using 200 bootstrap replications clustered on state. 
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